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Introduction
A modeling tool created by the U.S. Geological Survey (USGS), the Ecosystem Portfolio Model (EPM; Labiosa and others, 2009) , is being developed for the Santa Cruz Watershed (Norman and others, 2010) , which straddles the southern border of Arizona and the northern border of Sonora, Mexico. The EPM is a map-based multicriteria evaluation tool that stakeholders can use to explore tradeoffs between valued ecosystem services at multiple scales within a participatory decision-making process. Maps related to vegetation type and condition that span the international border are needed for input to the Santa Cruz Watershed Ecosystem Portfolio Model (SCWEPM) for use in modeling wildlife habitat and other ecosystem services. Although detailed vegetation maps exist for the U.S. side of the border, there is a lack of consistent data for the Santa Cruz Watershed in Mexico. This report summarizes the development of a binational vegetation map.
The Southwest Regional Gap Analysis Project (SWReGAP) vegetation map for the U.S. portion of the Santa Cruz Watershed was used as a starting point for this mapping effort ( fig. 1 ; Lowry and others, 2006) . The SWReGAP is part of the USGS Gap Analysis Program (GAP) that couples animal habitat models with land stewardship to identify conservation opportunities in the form of gaps in the spatial extent of important habitat for various common species (Lowry and others, 2006) . The SWReGAP modeled vegetation, which was used as input to the habitat models, by using a Classification And Regression Tree (CART) algorithm (Hansen and others, 1996; Lawrence and Wright, 2001) , with several environmental data layers (including seasonal Landsat images and topography) used as predictors and field data used to train the classifier. For the SWReGAP mapping effort, NatureServe (http://www.natureserve.org/) developed the Terrestrial Ecological Systems (TES) Classification (Grossman and others, 1998; Lowry and others, 2006 ) that serves as a regionally consistent mesoscale land-cover classification between the more general formation (physiognomically defined) and the more detailed alliance (floristically defined) mapping levels (Grossman and others, 1998) . This mesoscale classification is sufficiently general to be applicable on regional scales while providing enough detail to be useful for supporting wildlife-habitat mapping efforts.
Ecological systems are defined as "groups of plant community types that tend to co-occur within landscapes with similar ecological processes, substrates and/or environmental gradients" (Comer and others, 2003) . As such, the TES definition emphasizes dominant vegetation type but also incorporates physical characteristics such as topographic position, hydrology, climate, and substrate. These characteristics also make TES units accessible for mapping using synoptic satellite imagery with ancillary data, including digital elevation models (DEMs) and derivatives (Lowry and others, 2006) . Additional information about the TES Classification for the United States is available at http: //www.natureserve.org/publications/usEcologicalsystems.jsp (accessed October 21, 2010) . In addition to the existing SWReGAP map, detailed vegetation mapping for a portion of the Santa Cruz River riparian corridor was used to refine riparian vegetation units of interest (Sonoran Institute, 2008; Drake and others, 2009; Villarreal, 2009; Villarreal and others 2011b) . Previous studies had recognized problems in the SWReGAP depiction of riparian vegetation types for this area, including overmapping Mesquite Bosque (Fonseca, 2008) . Mesquite Bosque is a gallery forest found along the riparian flood plains of stream and river banks in the Sonoran Desert. The overmapping of this association is evident in figure 2 , where Villarreal's detailed vegetation mapping (2009; fig. 2A ) is compared with the National Land Cover Database (NLCD; fig. 2B ; Homer and others, 2004; Fry and others, 2009), SWReGAP (fig. 2C; Lowry and others, 2006) , and the new map of standardized ecosystems of the conterminous United States ( fig. 2D ; Sayre and others, 2008) . The Santa Cruz River map of riparian vegetation and land cover developed by Villarreal (2009) The small segment of the Santa Cruz River riparian corridor shown in figure 2 contains a dense mix of Riparian Forest and Woodland and Mesquite Bosque. Most of these classes were unmapped in the standardized ecosystems map and significant portions were missed in the NLCD and the SWReGAP. The NLCD does not split out the Mesquite Bosque, and the SWReGAP maps all as Mesquite Bosque at the expense of Riparian Forest and Woodland. These distinctions between riparian vegetation types represent important differences in habitat for many wildlife species.
Objective
The main objective of this study is to produce a detailed vegetation map of the Santa Cruz Watershed based on NatureServe's Terrestrial Ecological Systems (TES) mesoscale vegetation mapping units that seamlessly spans the international border for supporting ecosystem services evaluation and wildlife habitat modeling. An additional objective is to enhance the existing SWReGAP TES map, produced for the U.S. portion of the watershed (Lowry and others, 2006) , by incorporating details of Santa Cruz River riparian corridor vegetation mapped by Villarreal (2009) . 
Model Inputs
The CART modeling environment requires "ground truth" data used to train the classifier and independent data used as predictors. The training data are typically field data, for which the vegetation classes to be modeled are known to occur at specific locations on the ground. The independent data are typically environmental data layers that capture various characteristics of the landscape. One benefit of the CART modeling is that independent data can be either continuous, such as elevation or satellite reflectance, or categorical, such as landforms or soils.
The environmental datasets used for this project were Landsat-derived and DEMderived, chosen on the basis of an inspection of existing SWReGAP modeling results and because they span the international border. Although other datasets, such as surficial geology, could be useful in the classification, a seamless dataset with suitable detail was not available for the binational area. Furthermore, the inclusion of Landsat Thematic Mapper (TM) data, with six reflectance bands ranging from visible to shortwave infrared, captures information about the soils and surficial geology (Jensen, 1996) .
The study area is the Santa Cruz Watershed, but the modeling was performed within a larger area of interest (AOI) containing the watershed ( fig. 3 ). This shape is the intersection of nine Landsat image footprints (spring, summer, and fall images) and a rectangular DEM subset from the seamless National Elevation Data (NED) 30-meter raster data available through the USGS at http://gisdata.usgs.gov/website/seamless/. 2. Tasseled Cap Indices. The Tasseled Cap algorithm transforms the original multiband TM data onto three orthogonal axes that represent overall "Brightness," "Greenness," and "Wetness" (Crist and Kauth, 1986) . The seasonal tasseled cap images were calculated in Erdas Imagine (specifying the output stretched to 8-bit) from the mosaiced images and then clipped to the AOI.
Independent Data
a. Spring Tasseled Cap (three bands: Brightness, Greenness, and Wetness) b. Summer Tasseled Cap (three bands: Brightness, Greenness, and Wetness) c. Fall Tasseled Cap (three bands: Brightness, Greenness, and Wetness) 3. Normalized Difference Vegetation Index (NDVI) Images. The NDVI is an index derived from reflectance values of the R and NIR regions of the electromagnetic spectrum and is sensitive to various biophysical vegetation characteristics, such as biomass and percent cover (Huete and Jackson, 1987; Duncan and others, 1993) . The formula is NDVI= (NIR-R)/(NIR+R). NDVI values range from -1 to 1; non-land surfaces (such as water and snow) typically assume negative values and land surfaces typically assume positive values. As landscapes become more densely vegetated, the NDVI trends to 1. For this modeling, NDVI images were calculated in Erdas Imagine (specifying the output stretched to 8-bit) from the mosaiced images and then clipped to the AOI. Although NDVI images were not used directly in the model, since the Tasseled Cap Greenness is an analogous metric, they were used to derive the texture images (number 4, this section). fig. 8 ). The algorithm that produced the Landform layer was accessed in the ArcGIS toolbox (Esri, 2010 ). e. Flow Accumulation: Derived using ArcGIS Spatial Analyst Hydrology tools. The DEM was first "Filled," then "Flow Direction" was calculated, and finally "Flow Accumulation" was derived. Although the Flow Accumulation ( fig. 9A ) was not used directly in the modeling, it was used to derive the next layer. f. Flow Accumulation Difference of Focal Max and Mean: Calculated in Erdas Imagine using the Model Maker from the mosaiced images and then clipped to the AOI. Several variations on this type of neighborhood calculation were explored. The calculation that seemed to produce the desired result is subtracting the mean Flow Accumulation value within a 25x25 window from the maximum Flow Accumulation value within a 5x5 window. This difference was designed to pull out the areas within and near the topographic drainages to effectively constrain classification of riparian vegetation types. Figure 9B shows this derivative image. 
Training Data
Training data, which are the "ground truth" data used to train the classifier, are from three sources:
1. NM-GAP field data: SWReGAP training data for the New Mexico SWReGAP (NM-GAP) group's ecoregion NM-3. These consist of polygons identified within their NM-3 mapping unit that intersect the AOI for this study.
2. Santa Cruz River riparian corridor mapping. The training data used for this map included field data collected between (Villarreal, 2009 
Methods
Independent Data Preparation
The environmental data layers described in the section "Model Inputs" were all clipped to the AOI and collected in a single folder for modeling. Although additional layers were derived, tested and considered, the layers shown are the ones used in the final model. An example of other layers considered is a Principal Components Analysis (PCA) of the original image bands, but this transformation is analogous to a Tasseled Cap transformation (they are both an orthogonalization of the bands into new uncorrelated bands). Furthermore, in contrast to PCA, the Tasseled Cap bands have an interpreted physical meaning of Brightness, Greenness, and Wetness.
Training Data Preparation
To simplify the classification process and enhance processing speed, we converted all training data into points. For the NM-GAP training sites, random points were gathered within the polygons by using a stratified-random sampling algorithm in Erdas Imagine specifying a minimum of 10 points per class. The points were then inspected on a 2006 Digital Orthophoto Quarter Quadrangle (DOQQ) and a few were deleted if they appeared to be unrepresentative of their labeled land-cover type (for example, the random point was located near a polygon edge). All of the riparian points were deleted because another data set (Villarreal, 2009 ) provided points within the Santa Cruz riparian corridor. A total of 447 training points were generated in this manner.
The training data Villarreal (2009) collected for 2006 (field data) and 1996 (interpreted aerial photos) were subset to those that were mapped identically for both time periods, to identify field data that existed as labeled in our intermediate time period of 1999-2000. The remaining training site polygon arcs were buffered by 60 meters, to exclude mixed-pixel edge areas, and random points were gathered within the reduced polygons by using a stratified-random sampling algorithm in Erdas Imagine, again specifying a minimum of 10 points per class. The points were then inspected on a 2006 DOQQ and a few were deleted if they appeared to be unrepresentative of their labeled land cover type. A total of 237 points were generated in this manner.
Mapped vegetation classes for the Santa Cruz River map were cross-walked to the SWReGAP TES units, requiring generalization of some classes. For example, "Riparian Woodland," "Shrub Savanna," "Shrubland," and "Tree Savanna" were all merged into the SWReGAP "North American Warm Desert Riparian Woodland and Shrubland." To preserve ecological detail we considered important for wildlife habitat, we added a "Riparian Forest" class to the existing SWReGAP TES units.
Additional training points were collected within the core areas of the SWReGAP polygons by using a stratified-random sampling algorithm in Erdas Imagine, again specifying a minimum of 10 points per class. The core areas of the polygons were extracted using the Erdas Imagine model maker by first calculating a Focal Diversity within a 3x3 window for the thematic image and then eliminating (setting to zero) all resulting values greater than 1 (fig. 10) . A total of 2,912 points were generated in this manner. We removed all "Agriculture" points from the SWReGAP core data, for three reasons. First, SWReGAP did not use CART to model agriculture-it had been captured through heads-up digitizing or from other agency geographic information system (GIS) data. Second, the only agriculture evident in the Santa Cruz Watershed occurs along the riparian corridor and the SWReGAP includes this agriculture as well as upland centerpivot agriculture; these are distinctly different types of agriculture and would likely confound the CART classifier. Third, the Villarreal (2009) data include field points for the Santa Cruz riparian corridor agriculture, which are the data we preserved for training purposes. Figure 11 shows the locations and provenance of all the points used as training data. 
Vegetation Classification
The vegetation classification of the Santa Cruz Watershed was accomplished by using Classification And Regression Tree (CART) software (Quinlan, 1993 (Quinlan, , 1996 . We accessed the CART tool developed by the USGS-NLCD for Erdas Imagine that is available free for download at http://www.mrlc.gov/. For each modeling run, we first used the "NLCD sampling tool" to create a ".data" file by inputting the independent data layers (all clipped to the AOI) and specifying the "training data" as a tab-delimited text file containing the three columns X, Y, and CODE (input to the tool as a .txt file without a header). The See5 program (installed as a stand-alone program outside of the Erdas toolbar) was then run, with the ".data" file specified as input and "construct classifier" executed to produce the output ".names" file. Several options are offered in the "construct classifier" menu. After some trial and error, we chose to "boost" 10 trials and chose Global Pruning (specifying Pruning CF 25 percent, minimum two cases) for the final classification runs. Once See5 is run, the NLCD tool "See5 classifier" is activated, choosing the See5 created ".names" file as input and specifying a "tree" classifier. The output is a classified image.
The final classification was the result of an iterative process. Early attempts, using only the field data from NM-GAP and Villarreal's mapping, were unsuccessful and prompted the addition of SWReGAP core-area training sites. Base map from USGS DEM layer and by digitizing additional training points from the SWReGAP classification in the areas incorrectly classified (234 points were added at this stage). All TES classes were initially modeled, including anthropogenic and disturbed landscapes, such as Developed (urban) and Recently Mined or Quarried. Many of these nonvegetation classes tend to be quite heterogeneous, and although the CART environment produced reasonable results with the suite of independent layers we included, small patches of these types were identified by the CART classifier in improbable landscapes. Because of this, we followed the protocol of the original SWReGAP modelers, who captured these nonvegetation classes separately and applied them as an overlay on the CART-modeled vegetation classification. The SWReGAP modelers used a variety of methods, such as heads-up digitizing of Urban and Agriculture classes from high-resolution imagery and accessing other agency GIS data.
For our product, we accessed and overlaid Developed classes (high, medium, and low density) from the Land Cover product for 1999 produced under a parallel effort for this project (Villarreal and others, 2011a) . In addition, the Recently Mined or Quarried class was accessed from the original SWReGAP product. Inspection of our model that included all TES classes revealed no obvious Recently Mined or Quarried landscapes in the Mexican portion of the watershed, so this overlay of the U.S. side only was considered reasonable.
The water class was produced as a combination of modeling and overlay. Training sites representing water were used in the CART classification to model a water class, but modeling resulted in clearly misclassified pixels in the interiors of some water bodies. To better delineate the water class, we accessed and overlaid the SWReGAP water class as an additional source of classified water pixels.
Further inspection of the vegetation classification revealed an abundance of mapped Chihuahuan Mixed Salt Desert Scrub in the foothills of the mountains as a transition between Apacherian-Chihuahuan Mesquite Upland Scrub and the Madrean Encinal. This did not seem reasonable on the basis of our field knowledge of the area and did not fit our interpretation of the vegetation as revealed in high resolution National Agricultural Imagery Program (NAIP) imagery. Only two field training sites of this vegetation type were collected in the watershed by the NM-GAP team (AZ071202ES13 and AZ071202ES13), and inspection of the photographs from the SWReGAP archives suggest these two sites do not represent a classic Chihuahuan Mixed Salt Desert Scrub assemblage. Given that this salt desert type is typical of saline basins in the Chihuahuan Desert and the CART model has placed it in the alluvial fans within our watershed, we consider it more accurate to classify these landscapes as an ecotone of ApacherianChihuahuan Mesquite Upland Scrub. We have, therefore, relabeled it as ApacherianChihuahuan Mesquite Upland Scrub in our final classification.
In summary, the CART tool was used to model only natural and vegetated landscapes. A 3x3 majority filter was applied to the output classification to eliminate small isolated pixels that are generally considered noise. The Developed, Recently Mined or Quarried, and Water classes were then overlain, the modeled Chihuahuan Mesquite Upland Scrub class was relabeled Apacherian-Chihuahuan Mesquite Upland Scrub, and the final product was clipped to the Santa Cruz Watershed study area.
Accuracy Assessment
Accuracy was quantified from a classification based on 80 percent of the training data and evaluated with the remaining 20 percent withheld as "testing" data. Following the protocol of the SWReGAP team, the final classification was created using 100 percent of the training data. A random sample to separate data into training and testing sets was generated for each data provenance (NM-GAP, Villarreal, SWReGAP core areas). A total of 641 points were withheld for testing: 89 from NM-GAP, 48 from Villarreal (2009) , and 504 from SWReGAP core areas. After the elimination of nonvegetation training sites from the SWReGAP and NM-GAP sets and the addition of training sites in areas of misclassified riparian vegetation, a total of 3,448 training sites were used in the final classification.
Results
The final high-resolution binational map of the Santa Cruz River riparian habitat and watershed vegetation based on NatureServe TES units (Santa Cruz Watershed map) is shown in figure 12 . The map is available for download as a georeferenced raster dataset in Erdas Imagine image format (http://pubs.usgs.gov/of/2011/1143/of2011-1143_data.zip) with associated metadata (http://pubs.usgs.gov/of/2011/1143/of2011-1143_metadata.txt). Visual comparison of the detailed Santa Cruz River map, the Santa Cruz Watershed map, and the SWReGAP map for a portion of the river near Tumacacori is shown in figure 13 . The Santa Cruz Watershed map appears to be effective in representing units mapped by Villarreal (2009) in the Santa Cruz River map, and provides enhanced detail of the riparian vegetation units compared to the original SWReGAP product. The inclusion of the additional Riparian Forest class is especially striking and will provide useful data for wildlife habitat modelers. There are differences noted, such as the extent of agriculture, but some of these may be attributable the fact that the Santa Cruz River map represents conditions in 2006, whereas the data input to our model are from 1999 to 2000. Figure 14 shows the Santa Cruz Watershed map and the SWReGAP for the Santa Catalina Mountains north of Tucson; the Santa Cruz Watershed map honors the overall vegetation patterns of the SWReGAP, which is reassuring given that the SWReGAP map was used as a major source of training data. For the riparian corridor area of Figure 13 , the main difference between the Santa Cruz Watershed map and the SWReGAP map is the introduction of Sonoran Paloverde-Mixed Cacti Desert Scrub (light green), replacing some of the Apacherian-Chihuahuan Piedmont Semi-Desert Grassland (pale pink). Inspection of 1996 and 2005 aerial photographs shows shrub canopies are dominant in this area, supporting the classification as a desert scrub community (Santa Cruz Watershed map, this study) rather than a grassland community (SWReGAP). The overall accuracy of all vegetation classes modeled with the random 80-percent subset of the training points and evaluated with the withheld 20-percent test points was 78 percent (see tables 1 and 2). Because the final classification was created using all the training and testing points, the final map accuracy is expected to be better than the accuracy for this intermediate classification. Column totals of table 1 show producer's accuracies and row totals show user's accuracies. Units modeled with large amounts of training data have good validation results, for example Sonoran PaloverdeMixed Cacti Desert Scrub has a user's accuracy of 97 percent. Poor accuracy results for the Sonoran Mid-Elevation Desert Scrub likely reflect both the fact that it is an ecologically generalized class as well as the lack and quality of training data. There were no field-based data for this class in our analysis area, so all training data were derived exclusively from the original SWReGAP classification. Error matrix tables were also generated for only the field data testing points (not shown). Accuracy for only NM-GAP test points was 76 percent and only Villarreal test points was 60 percent. The combined accuracy for only the test points based on field data (NM-GAP and Villarreal) was 71 percent. Highest accuracy for Villarreal test points are for those classes that mapped into the classification scheme one-to-one, which are the North American Warm Desert Riparian Mesquite Bosque (100 percent) and Riparian Forest (75 percent) Lowest accuracies are for the North American Warm Desert Riparian Woodland and Shrubland (53 percent) and the Chihuahuan-Sonoran Desert Bottomland and Swale Grassland (50 percent), both of which were a many-to-one mapping, suggesting that the some of the Villarreal classes that were collapsed into single SWReGAP classes may not have been representative of the TES unit as defined by the NM-GAP mappers. The mapping accuracy may be improved by reevaluating the classification cross-walk and by eliminating Villarreal map units that are uncharacteristic of the NatureServe-defined TES units.
Conclusions
Using a CART modeling environment, we produced a binational vegetation classification of the Santa Cruz River riparian habitat and watershed vegetation based on NatureServe TES units. The map is available for download as a georeferenced raster dataset in Erdas Imagine image format (http://pubs.usgs.gov/of/2011/1143/of2011-1143_data.zip) with associated metadata (http://pubs.usgs.gov/of/2011/1143/of2011-1143_metadata.txt). Environmental layers used as independent, predictor data were derived from a seasonal set of Landsat TM images (spring, summer, and fall) and from a 30-meter DEM grid. Because both sources of environmental data are seamless across the international border, they are particularly suited to this binational modeling effort. Training data were compiled from existing field data collected for a recent map produced by Villarreal (2009) for the Santa Cruz riparian corridor and data collected by the NM-GAP team for the original SWReGAP modeling effort. Additional training data were collected from core areas of the SWReGAP classification itself, allowing the extrapolation of the SWReGAP mapping into the Mexican portion of the watershed without collecting additional training data-an expensive and logistically challenging endeavor.
We assumed that the training data, which are exclusively from the U.S. portion of the watershed and region, are representative of the vegetation south of the border. For the relatively small study area of the Santa Cruz Watershed, this is a reasonable assumption. Although particular details of the vegetation mapping at a TES-level of resolution will benefit from inclusion of more field-verified data to train the model, this map serves as a reasonable representation of the vegetation patterns and communities within the Santa Cruz Watershed for the intended purpose of informing hydrologic modeling and wildlife habitat modeling within the Santa Cruz Watershed Ecosystem Portfolio Model (SCWEPM).
